Introduction
Type 2 diabetes (T2D) is a chronic, progressive metabolic disease that is a major cause of mortality and morbidity globally [1] . Through earlier and more accurate T2D diagnosis, improved T2D treatment and monitoring of T2D progression can be achieved. T2D is associated with shifts in the concentrations of small molecules, peptides, hormones, and enzyme activities, in a variety of tissues, including blood [2] . Given the substantially altered biochemical profile observed in T2D, molecular markers could provide the basis for early T2D diagnosis. Advances in the application of metabolite profiling for predicting T2D risk have occurred in recent years. An example is the study by Floegel and colleagues who used a targeted metabolomics approach and demonstrated that a linear factor equation composed of amino acids, phosphatidylcholines, and hexoses was significantly correlated in a doseresponse manner with T2D risk in two independent cohorts (EPIC-Potsdam and KORA) [3] . These authors also showed that a related set of metabolites moderately increased the area under the receiver operating characteristic curve (AUC) for T2D risk when added to a model of traditional risk factors: glucose and hemoglobin A1c (HbA1c). Other studies have applied metabolomics to pre-diabetes or incident T2D, showing, for example, the protective effects of glycine and lysophosphatidylcholine C18:2 on risk of T2D onset, with reasonable predictive performance [4] .
To identify plasma metabolites that can potentially improve prediction of future T2D, compared with prediction based on plasma glucose alone, we used a non-targeted metabolomics approach for discovery of metabolic alterations associated with T2D onset. The T2D-associated metabolites were then validated in an independent cohort. We also assessed whether including proteins related to metabolic syndrome and/or pro-inflammatory responses led to improvement in T2D risk classification. Biomarkers that are associated with pre-diabetes or T2D onset are potentially applicable for diagnosis of therapy-naïve persons with T2D, to test for association with T2D in biobank samples, and as a tool to improve T2D early-intervention therapeutic strategies.
Methods

Study Design
To identify a robust metabolite panel for early T2D diagnosis, we conducted a case-control study with two independent study populations: one for biomarker identification (discovery group) and the other for confirmatory testing (validation group). For biomarker discovery, we used fasting blood samples from the Bavarian Red Cross Blood Transfusion Center (BRC) study, described previously in Padberg et al. [5] . Blood samples were collected at the time of first T2D diagnosis. For validation, we used data and blood samples from the Personalized Medicine Research Project (PMRP) in Marshfield, WI [6] . Blood samples were collected at PMRP enrollment which was within 18 months before the first T2D diagnosis. Therefore, in the validation group, we examined whether the biomarkers could predict a future T2D diagnosis within 18 months.
Study Subjects
In the discovery group, cases were 61 BRC study subjects who had a high FindRisk score (indicating high T2D risk) after completing a FindRisk questionnaire [7] and who provided a blood sample that tested positive for T2D. This led to a firsttime T2D diagnosis at the time of BRC study enrollment. Seventy-eight non-diabetic BRC study subjects who were matched to cases by age, sex, and body mass index (BMI) served as controls in the discovery group. The PMRP is a population-based biobank that links stored biological samples to longitudinal electronic medical records from the Marshfield Clinic for about 20,000 central Wisconsin adults [6] . Approximately 98% of participants are of European ancestry with > 70% claiming German ancestry. Fifty-six PMRP participants diagnosed with T2D for the first time within 18 months after PMRP enrollment (cases), and 445 nondiabetic PMRP participants (controls) matched to cases by age, sex, and BMI, formed the validation group. For the 56 cases, the median (inter-quartile range) time to diabetes diagnosis after PMRP enrollment was 275 (139-417.5) days. The validation group had more females and a greater mean BMI than the discovery group (Table 1) .
The procedure used for matching cases and controls in the discovery and validation groups is described in Supplementary Methods.
All subjects gave informed consent and the study was approved by the institutional review boards of the Bavarian Chamber of Physicians (Ethik-Kommission der Bayerischen Landesärztekammer) and the Marshfield Clinic Research Foundation.
Type 2 Diabetes Status
A T2D diagnosis in the discovery group was based on American Diabetes Association criteria: fasting plasma glucose (FPG) concentration ≥ 126 mg/dL and/or plasma glucose concentration 2 h after a standardized 75 g oral glucose tolerance test (OGTT) ≥ 200 mg/dL and/or HbA1c ≥ 6.5%. A subject was considered to be diabetic if at least one of their blood samples met these criteria and tests of at least one additional blood sample indicated the subject to be diabetic or at risk for diabetes. In addition, about 50% of the so identified diabetic subjects were questioned three years later regarding their diabetes status. If a subject did not confirm the diabetes status, he/she was excluded from the dataset. Controls in the biomarker development group had values ≤100 mg/dL for fasting plasma glucose and ≤140 mg/dL after the OGTT. A validated algorithm for identifying patients with T2D from electronic medical record data [8] was used to determine a T2D diagnosis in the validation group. The diagnosis was based on the presence of at least two International Classification of Diseases -9th Revision -Clinical Modification (ICD-9-CM) codes for T2D (indicating a doctor's diagnosis of T2D) along with intake of diabetes medication and/or an abnormal laboratory value (FPG > 125 mg/dL, random plasma glucose > 200 mg/dL, and/or HbA1c ≥ 6.5%) within 18 months after PMRP enrollment. The electronic medical records of controls in the validation group had no ICD-9-CM codes for T2D and all measurements of FPG, random plasma glucose and HbA1c were within the normal range. Thus, the discovery and validation groups were expected to be comparable as T2D in the validation group was mostly diagnosed by a clinician based on the results of FPG, OGTT, and HbA1c tests. Table 1 shows basic descriptive characteristics of the two study groups.
Blood Samples
Blood samples were collected from fasted subjects (≥8 h since last meal). Details of blood sample processing are described in Supplementary Methods.
Metabolite Profiling
Metabolite profiling of all plasma samples was performed by metanomics (Berlin, Germany). Two types of mass spectrometry analyses were used for relative quantification of metabolites, as described in Supplementary Methods. All metabolite measurements were performed blinded to case-control status.
Metabolite Data Normalization
Metabolite profiling generated semi-quantitative measurements of metabolite concentrations, that is, the concentration of a metabolite in each study sample relative to the concentration of the metabolite in a reference sample. We used separate reference samples for the discovery and validation groups, and each reference sample consisted of a pool of combined aliquots of all plasma samples specific to either the discovery or validation group. Following comprehensive analytical validation steps, data were normalized to the median of the reference samples to account for inter-and intra-instrumental variation.
Protein Quantification
Seven metabolic disease-related proteins were selected for quantification in plasma samples from the validation group to determine whether the addition of these proteins would improve the ability of metabolite panels to predict a T2D diagnosis. Proteins were chosen based on their established correlations with T2D status in the literature and on the availability of existing protein quantitation assays (multiplex ELISAs) from Meso-Scale Discovery (Rockville, MD) using their SECTOR Imager 2400 platform: C-peptide, adiponectin, interleukin-6 (IL-6), active glucagon-like peptide-1 (GLP-1), insulin, glucagon, and leptin. Details of protein quantification assays are described in Supplementary Methods. All protein measurements were acquired blinded to case-control status. Because the plasma samples were collected without aprotinin, we were unable to accurately measure active GLP-1. Therefore, GLP-1 results were disregarded.
Statistical Analysis
We performed a log10 transformation of the pool-normalized ratio for each metabolite, and of protein concentrations, to obtain an approximately normal distribution of the data. We checked data quality as described in Supplementary Methods. SIMCA-P version 10.0 (Umetrics, Umeå, Sweden), TIBCO ® Spotfire ® 3.3.1, R version 2.14.1 (packages glmnet, randomForest and ROCR), and WEKA [9] were used for data analyses and visualizations.
Discovery of Metabolite Panels for T2D
To identify metabolite combinations that might improve T2D diagnosis compared with plasma glucose alone, we applied classification tools (penalized logistic regression, random forest, and elastic net approaches) to metabolite profiling data obtained for the discovery group. A maximum of 10 metabolites at a time were used for classification because testing for a larger number of metabolites is likely to be impractical in clinical practice. In addition, a fixed panel size avoids overfitting due to picking a seemingly optimal number of metabolites for a particular dataset, and our preliminary analyses indicated that increasing the number of metabolites in a panel did not substantially improve the performance of the panel to separate T2D cases from controls. We ranked each panel of up to 10 metabolites on its ability to distinguish between T2D cases and controls using a feature selection approach that had the following characteristics: (1) forward selection based on t-test result (accepts correlation between metabolites), (2) forward selection maximizing orthogonality (minimizes correlation between metabolites), (3) recursive feature elimination, and (4) elastic net. The approach was based upon training an elastic net logistic regression model (starting with intercept only), selecting an additional metabolite that had the highest absolute correlation with the residuals of the model, and iteration of the selection of additional metabolites until the desired number of features was reached. We used this approach in the expectation that it would lead to adding metabolites that contributed the maximum orthogonal information to the model. The embedding of this feature selection strategy in 10-fold cross validation allowed us to obtain realistic performance estimates of each metabolite panel as a classifier of case-control status in the discovery group. We used AUCs to assess the performance of metabolite panels, compared with glucose only, to distinguish persons diagnosed with T2D from controls. The corrected resampled t-test [10] was used to compare AUCs. Because the validation of T2D-associated metabolite panels (identified using the discovery group) was not possible if one or more of the metabolites in the panels could not be measured in the validation group (possibly due to sample quality differences between the two study groups), data for the validation group were checked for the presence of all metabolites in panels associated with T2D. If any metabolite in a panel was absent from the validation data, a new round of analysis was performed using data for the discovery group to identify another panel of T2D-associated metabolites.
Validation of Metabolite Associations with T2D
For panels that had an AUC greater than that of glucose alone, we further examined the ability of the metabolites in these panels to discriminate between T2D cases and controls by performing analysis of variance (ANOVA) to compare metabolite pool-normalized ratios between T2D cases and controls in the discovery group. We adjusted the ANOVA models for age at study (BRC study) enrollment, sex, BMI, interaction of sex and age, and interaction of sex and BMI. For validation, we performed ANOVA to compare pool-normalized ratios of the same metabolites between T2D cases and controls in the validation group. We corrected for multiple comparisons using the Bonferroni-Holm method.
Analysis of Metabolites and Proteins Combined
We performed ANOVA to compare plasma protein concentrations between T2D cases and controls in the validation group, with adjustment for the same covariates as in the analysis of metabolite panels. We also calculated Pearson correlation coefficients to examine correlations between protein and metabolite concentrations. Next, we used a Bayesian network classifier [11] , with 10-fold cross validation, to test the ability of (a) the combination of metabolites and all six proteins, (b) the metabolites only, and (c) glucose only, to discriminate between the incident T2D cases and non-diabetic controls in the validation group. We used the corrected re-sampled t-test [10] to compare AUCs between the biomarker groups. Each AUC was calculated by collecting all the predicted probabilities of being a T2D case from each fold of 10-fold cross validation. To determine whether another algorithm would produce results similar to those of the Bayesian network classifier, we repeated the comparisons using ridge logistic regression [12] with 10-fold cross validation.
We also used the Bayesian network and ridge logistic regression classifiers to examine the ability of two previously reported T2D prediction models [13, 14] to distinguish between cases and controls in the validation group, and to determine whether T2D prediction by these models could be improved by adding the T2D-associatied metabolites we identified. We used electronic medical record data, existing genotype data, and metabolic profiling data for the validation group to generate variables for the models. For the model of Wilson et al. [13] , we used family history of T2D in a first-degree relative as a substitute for parental history of T2D. We had no data for some of the variables in the Walford et al. [14] model (circulating concentrations of phosphatidylcholine C38:6, triacylglycerol C44:1, triacylglycerol C48:0, triacylglycerol C52:1, and triacylglycerol C56:9); therefore, we did not include these variables in the model.
Results
Metabolite profiling identified 234 metabolites that surpassed quality criteria; 190 (81.2%) had a known structure (based on a database of metabolite structures maintained by metanomics, Berlin, Germany Supplementary Fig. 1 ), that were detected in both the discovery and validation groups. Analysis of all metabolites showed that biological variability between T2D
cases and non-diabetic controls exceeded the technical variability (occurring as a result of performing measurements on different instruments and different days) of the reference samples (pools). The technical variability, determined by the median relative standard deviation of pooled samples from the two study groups, was 7.6% and 8.3% in the discovery and validation groups, respectively. These values are an indicator of the low technical variability of the metabolite profiling method used. In contrast, the median within-group variability (comprising both biological and technical variability) was higher than the technical variability alone for both T2D cases (22.0% in the discovery group and 27.1% in the validation group) and controls (21.5% in the discovery group and 25.9% in the validation group).
In the discovery and validation groups, separately, univariate ANOVA of metabolite profiling data revealed many previously reported differences in metabolite concentrations between T2D cases and controls (Supplementary Table 2 ). These changes in metabolite concentrations have been shown to predict T2D years in advance or to be associated with overt T2D [15] . This consistency between our findings and those reported by others is a validation of our metabolite profiling data. In addition to the expected increase in glucose concentration, our dataset confirmed increases in branchedchain amino acids (isoleucine, leucine, and valine) [16] , tyrosine (aromatic amino acid) [16] , 2-hydroxybutyrate [17] , and mannose [18] , as well as decreases in glycine [4] , lysophosphatidylcholine C18:2 [4] , and 1,5-anhydrosorbitol [19] in T2D. However, in contrast to previous reports, we observed no statistically significant differences in the concentrations of phenylalanine [20] and the ketone body, 3-hydroxybutyrate [20] , between T2D cases and controls.
We identified seven panels of multiple metabolites associated with T2D in the discovery group and trained either elastic net or random forest classifiers using the discovery data. Three of the seven panels had an AUC greater than that of plasma glucose alone (AUC glucose = 0.866) for distinguishing T2D cases from controls ( Table 2 ), suggesting that they might outperform glucose for discriminating between T2D cases and controls. Of the three (panels 5, 6, and 7), we focused on panel 7 because it had the most significant p value in the comparison of AUCs with plasma glucose alone ( Table 2) . Of the 10 metabolites in panel 7, seven (including glucose) showed statistically significant associations (p < 0.05) with T2D in both the discovery and validation groups, based on ANOVA modeling (Table 3) . Of the seven, the metabolites most strongly associated with T2D (based on p value) were glucose, mannose, and glucosamine, while the metabolites with the largest increase and decrease in concentration between T2D cases and controls were the bile acid, taurochenodeoxycholic acid, and cholesteryl ester C18:1, respectively (Table 3 ). T2D associations with metabolites on panels 5 and 6 are shown in Supplementary Table 3 .
The AUC for panel 7 was 3% greater than that of plasma glucose alone (Table 2 ). In an attempt to improve diagnostic utility of the panel, we considered selected metabolic diseaserelated proteins as additional biomarkers for discriminating between incident T2D cases and controls. We measured the plasma concentrations of these proteins in the validation group and observed that five of the six proteins measured were significantly associated (p < 0.05) with incident T2D in ANOVA models (Table 4) . Correlations between the concentrations of the proteins and the 234 metabolites identified in the study were low to moderate in T2D cases and controls ( Supplementary Figs. 2 
and 3, and Supplementary Methods).
With the use of a Bayesian network classifier in WEKA [9] , the group of metabolites in panel 7, either alone or in combination with the six proteins, had a slightly larger AUC than glucose alone for distinguishing between incident T2D cases and controls in the validation group ( Fig. 1A ; Table 5 ). However, no statistically significant differences in AUCs were observed in paired comparisons of glucose alone and either the panel 7 metabolites alone (0.88 vs 0.89; p = 0.65) or the panel 7 metabolites with the proteins (0.88 vs 0.91; p = 0.19). Similar results were obtained using ridge logistic regression in WEKA ( Fig. 1B ; Table 5 ). For each paired comparison, the AUCs from ridge logistic regression were 0.88 vs 0.90 (p = 0.24) and 0.88 vs 0.89 (p = 0.40), respectively.
To characterize metabolite panel 7 further, we assessed whether the panel, with glucose removed, could predict T2D in the validation group. We also examined whether the panel (with glucose included) could improve the ability of previously described T2D prediction models [13, 14] to predict T2D in the validation group. When glucose was excluded, the AUCs for metabolite panel 7 were marginally lower than, but not significantly different from, the AUCs for the full panel and for glucose alone (Table 5 ). Similar results were obtained when metabolite panel 7 was combined with the six metabolic disease-related proteins. The combination of the Wilson et al. [13] 
prediction model (that included clinical characteristics
Discussion
A profile of the concentrations of multiple biochemical molecules is likely to have an advantage over a single biomarker for detecting incident T2D because the dysfunction of many metabolic pathways precedes the development of T2D. We observed that a panel of 10 metabolites showed a small but statistically significant improvement in discrimination of T2D cases and controls, compared with glucose alone, and we validated this panel in an independent group of study subjects that had characteristics (European ancestry, age, body mass index) in common with the first study group. The group of 10 metabolites, either alone or in combination with six metabolic disease-related proteins, showed marginally improved ability to discriminate between incident T2D cases and non-diabetic controls compared with glucose alone. The improvement was observed using two different classification algorithms (Bayesian network classifier and ridge logistic regression) but was not statistically significant. However, when compared with two previously reported T2D prediction models, the panel of 10 metabolites and the six proteins significantly improved the performance of these models to predict T2D. Thus, the T2D-associated metabolites in this study could have the potential for application to T2D prediction. Other reports provide support for the involvement of these metabolites and proteins in T2D. Circulating concentrations of mannose [18] , 2-hydroxybutyrate [21] , glyoxylate [5, 22] , insulin [23] , C-peptide [24] , glucagon [25] , and two bile acids, glycochenodeoxycholic acid and taurochenodeoxycholic acid [26] , are increased in subjects with T2D compared with healthy subjects. Lower circulating concentrations of lysophosphatidylcholine C18:2 [3, 4] , lignoceric acid (C24:0) [27] , adiponectin [28] , and C18:1n7 [29] , a fatty acid found in cholesteryl esters, are associated with T2D risk. The pro-inflammatory cytokine, IL-6, interferes with insulin signaling in human adipocytes in vitro, and is overexpressed in adipocytes from individuals who are insulin resistant [30] . Serum concentrations of leptin, a hormone that regulates appetite and energy expenditure in low leptin states [31] , are lower in normal-weight than obese subjects [32] , and responsiveness to exogenous leptin is diminished in obese persons [33] . However, the role of one metabolite, glucosamine, in T2D in humans is unclear. Glucosamine infusion in nondiabetic rats decreases insulin-mediated glucose uptake and glycogen synthesis in skeletal muscle [34] , but glucosamine has shown no effect on insulin-mediated metabolism in humans [35] . Some of these metabolites are also associated with insulin resistance in non-diabetic individuals. Higher fasting plasma 2-hydroxybutyrate is associated with insulin resistance in non-diabetic subjects independently of age, sex, and BMI, based on use of the euglycemic insulin clamp [17] . Plasma lysophosphatidylcholine species overall are inversely associated with insulin resistance in overweight or obese subjects without overt T2D after adjustment for age, sex, systolic blood pressure and either BMI or waist:hip ratio [36] , based on homeostasis model assessment -insulin resistance (HOMA-IR) [37] evaluation. Fasting plasma lignoceric acid is associated with lower insulin resistance in non-diabetic adults after adjustment for selected demographic and clinical risk factors, based on the use of HOMA-IR [38] . Fasting plasma adiponectin is inversely associated with insulin resistance in non-diabetic adults evaluated using the euglycemic insulin clamp [39] and HOMA-IR [40] methods. Therefore, one possible reason why the panel of metabolites had slightly higher AUCs for classifying incident T2D cases and controls in this study, compared with glucose alone, is because of the ability to detect insulin resistance, a part of the metabolic dysregulation that leads to T2D [23] .
When glucose was removed from our panel of metabolites, the panel had an AUC that was not significantly different from that of glucose alone for distinguishing T2D cases from controls in the validation group. This indicated that glucose was not the only metabolite making a substantial contribution to the panel's ability to discriminate between T2D cases and controls, and also that the group of remaining metabolites could classify T2D cases and controls just as well as glucose. Further evidence of the value of the panel was shown by the statistically significant increase in AUCs when the metabolite panel (with glucose included) and the six metabolic disease-related proteins were added to either of two previously described T2D prediction models, compared with the AUCs of either prediction model alone. However, when the metabolite panel, six proteins, and two predictive models were combined, the AUCs were not significantly greater than the AUCs for glucose alone. This is probably because most T2D cases in the validation group were already hyperglycemic at the time of blood sample collection (within 18 months before T2D diagnosis), leading to fasting blood glucose being identified as the biomarker that had the strongest association with T2D status. Some metabolites (mannose, 2-hydroxybutyrate, and lysophosphatidylcholine C18:2) in our panel have been shown to predict T2D 3-10 years ahead [3, 4, 21, 41] . Prospective studies with a longer timeframe before T2D diagnosis than our study would be needed to determine whether the metabolite panel has the potential to predict future T2D before blood hyperglycemia manifests. If the panel is found to have little potential to predict T2D prior to overt hyperglycemia, its clinical utility for early detection of T2D would likely be low and at high cost, compared with testing for glucose only. Biomarkers that are not closely linked with Fig. 1 -Receiver operating characteristic curves generated using (A) a Bayesian network classifier and (B) ridge logistic regression to distinguish incident type 2 diabetes cases (n = 56) from non-diabetic controls (n = 445) in the validation group. Curves were generated for each of three classifiers: glucose only (Glucose), metabolites in panel 7 only (Metabolites), and the combination of metabolites in panel 7 and six metabolic disease-related proteins (Metabolites + Proteins). Values for the area under the receiver operating characteristic curves (AUCs) are color-coded according to the classifier. No statistically significant differences were observed for pairwise comparisons of the AUCs.
glucose concentration, and that reliably demonstrate changes in concentration well in advance of blood hyperglycemia and T2D diagnosis, would be more useful for predicting future T2D.
The strengths of our study include the use of a nontargeted metabolomics approach that enabled detection of a wide range of metabolites and the use of a validation group that provided prospective data for correlating metabolite concentrations with future T2D diagnosis. Further, our confirmation of previous associations between metabolite concentrations and T2D, and our observation of similar findings in two independent study groups that had different T2D ascertainment methods increase confidence in the robustness of our results. Our study also had some limitations. We measured metabolite profiles at only one point in time in both study groups, but because T2D has a progressive onset, metabolite profiles at multiple time points before T2D diagnosis would be useful to identify new, early, diagnostic biomarkers of T2D. Also, we were able to control for some known T2D risk factors by case-control matching and the inclusion of covariates in ANOVA models, but there remains the potential for confounding by other factors such as diet and level of physical activity. Finally, the study population included mainly overweight, middle-aged persons of European ancestry, and more investigation is needed to determine whether our results can be replicated in other populations.
In summary, a panel of multiple metabolites (carbohydrates, ketone bodies, organic acids, lipids, and bile acids) showed a small improvement in ability to stratify incident T2D cases and controls, compared with glucose alone or with two previously described T2D prediction models. The panel could potentially have some useful application in early T2D diagnosis because, in the biomarker validation group, it was able to identify T2D patients up to 18 months before diagnosis. Further validation of these biomarkers is required and, rather like HbA1c, their physiological, pathological, and analytical properties should be elucidated so the limitations of their use as T2D biomarkers can be known. The mechanisms underlying the involvement of most of these biomarkers in T2D pathogenesis are poorly understood. Investigation of these mechanisms could provide additional insight into the early metabolic alterations of T2D and aid the discovery of novel preventative or therapeutic interventions.
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